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Abstract. Several factors influence the physical, chemical, and thermal properties 
of waste at different sources. One of the major indexes to variation in the morpho-
logical composition of municipal solid waste is the season. A significant discrep-
ancy in the composition of municipal solid waste at different seasons has been re-
ported in the literature. However, this study explores the Adaptive Neuro-Fuzzy 
Inference System (ANFIS) with a fuzzy c-means (FCM) clustering technique to 
predict the physical content of waste in South Africa based on the varying weather 
parameters at different seasons. Four different models (I-IV) were developed to 
forecast the percentage fraction of Organics, Plastics, Paper, and Textile, respec-
tively. The choice of these streams was because a closer look at the historical data 
reveals a significant variation in the percentage of these waste fractions at different 
seasons with little or no difference in other waste streams. The percentage compo-
sition of samples of waste collected and characterized at Marie Louise Landfill, Jo-
hannesburg in summer 2015 and winter 2016 was used as the output variable. 
Weather parameters for the same period were extracted from South Africa Weather 
Service data and used as the input variables. M-file script was written and computed 
on a workstation with configurations of 64 bits, 4GB ram Intel(R) core(TM) i3. The 
performance of the ANFIS models I-IV was evaluated using Mean Absolute Devi-
ation (MAD), Root Mean Square Error (RMSE), and Mean Absolute Percentage 
Error (MAPE). 
Keywords: Adaptive Neuro-Fuzzy Inference System, Season, Municipal Solid 
Waste, Johannesburg  
1 Introduction 
Sustainable waste management is contingent on reliable data of waste characteriza-
tion, generation, composition, and properties. The priority of sustainable waste 
management in South Africa is to ensure that all generated waste does not neces-
sarily end up in landfills, especially when most landfills are reported to be running 
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out of space for waste disposal. Several factors influence the physical, chemical, 
and thermal properties of waste at different sources. One of the major indexes of 
variation in the morphological composition of municipal solid waste is the season. 
A significant discrepancy in the composition of municipal solid waste at different 
seasons has been reported in the literature. For instance, the organic content of the 
waste tends to be higher in winter than in summer, likewise the percentage of leather 
and textile waste increased during winter. The disparity in the content of the waste 
can be attributed to the difference in the consumption pattern at different times of 
the year. Decision makers obligated for waste management operations must possess 
appropriate information of waste generation, sources, and composition to design 
appropriate strategy of waste collection techniques and disposal plans.[1] 
 
Waste fractions such including organic materials, paper, metal, and plastic differ 
significantly at different seasons [2]. The seasonal variation in the physical compo-
sition of the municipal solid waste in the city of Lahore, Pakistan has been investi-
gated by  Kamran et al. [1]. In the same socio-economic category, the highest frac-
tion of food and yard waste is generated in spring. Plastic and textile waste also 
follows same pattern in all socio-economic categories, however, their highest frac-
tion is in winter. The result of his research is presented in figure 1. A similar study 
analysed the composition and generation rate of municipal solid waste in four dif-
ferent seasons in  Gulberg town of Lahore, Pakistan by [3]. The result of their study 
on waste composition in different seasons is similar to [1]. His study further re-
vealed that the total waste generation rate per day was 0.79kg/capita, 0.77kg/capita. 
0.86kg/capita, and 0.76kg/capita in spring, summer, monsoon, and winter, respec-
tively.  
 
Aslani et al. [4] also studied seasonal variation of solid waste generation rate and 
composition in three northwest cities of Iran. His study reveals that waste composi-
tion follows a different pattern in different seasons. The highest organic and paper 
waste fraction in all the three cities was generated in winter and summer, respec-
tively. The content of each waste stream in each season differs significantly across 
all the four seasons in Iran. [4] went further to reveal that the elemental composition 
of waste generated in these three cities of Iran do not follow the same pattern. Ob-
viously, the waste fraction varies independently in its physical and elemental com-
positions. 
 
Effect of seasonal variation in composition of MSW in four European  cities was 
investigated by [2]. A report of increase in packaging waste in summer seasons on 
the island of Crete was given by [5]. Waste generation rate in a low temperature 
season in January is 28% lower than the rate in April in Chihuahua, Mexico [6]. 
Several factors such as vacation activities, summer events, and change in student 
population accounts for the seasonal variation in the generation rate and composi-
tion of MSW [7]. The literature is replete with studies which have majorly focused 
on experimental evaluation and determination of the quantitative extent of seasonal 
variation on waste composition. However, only few researches aimed at predicting 
the fraction of waste in different seasons. [2] applied time series analysis to MSW 
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fraction generation data to predict the monthly fraction of MSW. He tested several 
non-parametric methods such as Simple Exponential Smoothing (SimpleES), Dou-
ble Exponential Smoothing (DES), Seasonal Exponential Smoothing (SES), and 
Linear Exponential Smoothing (LES). Using the SES, he established an expression 
for monthly MSW fraction (𝑌𝑌𝑡𝑡) given in equation 1: 
                                                 
                                             𝑌𝑌𝑡𝑡 = 𝐿𝐿𝑡𝑡 + 𝑆𝑆𝑡𝑡−𝑝𝑝 + 𝜀𝜀𝑡𝑡                                                    (1) 
 
Where 𝑌𝑌𝑡𝑡 = Monthly MSW fraction,  𝑆𝑆𝑡𝑡−𝑝𝑝 = fraction associated with time 𝑡𝑡 with 
one of  𝑝𝑝 season factors, and 𝜀𝜀𝑡𝑡 = error terms. 
 
The use of data mining techniques such as ANFIS, and Artificial Neural Network 
(ANN) for forecasting seasonal disparity in waste composition, especially in South 
Africa, has not been widely researched. In this paper, the influence of changes in 
seasonal parameters on composition of municipal solid waste has been predicted 
using ANFIS model.  
 
 
Fig 1. Waste Composition in different seasons in the city of Lahore, Pakistan 
 
 
1.1 Description of Case Study Area 
The city of Johannesburg is the capital of Gauteng Province of South Africa. It is 
the largest city in South Africa with latitude of 26° 12’ 08” S and longitude of 28° 
02’ 37” E [8]. It has an area of about 1645 square kilometres and an elevation of 
1767m. It is the constitutional headquarters of South Africa. In 2016, the population 
of the city was estimated at about 4.86 million. Johannesburg has a subtropical high-
land climate with mild sunny winter and moderately warm at summer. Figure 2 
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in South Africa; summer (December–February), winter (June–August), spring (Sep-
tember–November), and autumn (March–May). On the average, the maximum tem-
perature in summer and winter are 250C and 160C, respectively. The sunniest time 
of the year is observed at winter with temperature dropping as low as 4.10C. The 
maximum annual rainfall about 713mm occurs during summer. The lowest temper-
ature in Johannesburg from record is -8.20C in 1979. Moreover, January is the 
warmest and wettest month while July is the driest and coolest month. About 1.4 
million tonnes of waste is generated per annum in the city of Johannesburg which 
are collected from two different sources, the Round Collected Refuse (RCR) and 
the Daily Non-Compacted Waste (DNW), and dumped at different landfills [8].  
 
 




2.1 Data Description  
Weather parameters for summer and winter were extracted from South Africa 
Weather Service data collected for two years of 2015 and 2016. However, due to 
unavailability of waste characterization in springs and autumn, the effect of seasonal 
variation in both seasons was not considered. Waste at the landfill is a collection of 
waste at different part of the city, therefore, average daily weather data for the city 
of Johannesburg was used. The waste characterization data consists of physical 
composition of different fractions of waste sampled between Dec-Jan 2015 and 
June-July 2016 representing summer and winter periods respectively. Waste collec-
tion is basically from two different sources in the city of Johannesburg; the Daily 
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Non-Compacted (DNC) and the Round Collected Refuse (RCR). However, there 
are significant variations in the percentage compositions of each of the waste 
streams from the two sources with slight impact of seasonal changes on the compo-
sition in winter and summer. 
 
2.2 ANFIS Approach 
The ANFIS model is a kind of Artificial Neural Network (ANN) based on Takagi-
Sugeno fuzzy Inference System which integrates both Neural Network and fuzzy 
logic reasoning in a single network. It is a universal approximator using a set of 
fuzzy If-then rules for input-output mapping to obtain the distribution of the objec-
tive function [9]. ANFIS has five layers; The fuzzification layer, which takes input 
and determines the membership function is the first layer. The second layer is called 
the rule layer since it generates the firing of the rule. The third layer computes the 
firing strength, while the normalized values and parameter sets from the third layer 
are taken as outputs in the fourth layer. Defuzzificated output from the fourth layer 
is received at the fifth layer as the final output. The structure of a typical ANFIS 
model architecture is shown in figure 3.  
 
 
Fig 3. ANFIS model architecture with two inputs and two rules 
2.2.1 Fuzzy c-means (FCM) clustering technique 
The FCM is a type of fuzzy clustering technique which allows a set of data to be 
assigned to two or more clusters. The membership function bounds data to each 
other representing the fuzzy behavior of the algorithm. The FCM aims at minimiz-
ing the objective function using the error function equation 2. 
 






                                             (2) 
       Where  𝑚𝑚 = Fuzzier i.e. any real number greater than one (1 ≤ 𝑚𝑚 ≤ ∞) 
                     𝑈𝑈𝑖𝑖𝑖𝑖 = Degree of membership, 𝑈𝑈𝑖𝑖𝑖𝑖 ∈ (0,1) 
                     𝑥𝑥𝑖𝑖 = Data points 
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                     𝑐𝑐𝑖𝑖 = Centroid of clusters  
                     C = Number of clusters.  
The degree of membership of the data point 𝑥𝑥𝑖𝑖 in 𝑗𝑗 cluster at any iteration is given 
by equation 3: 
 















3.1 Data Analysis 
Table 1 shows the statistics of waste composition from different sources. It presents 
the Maximum and minimum values of each of the physical waste streams and the 
sources of the maximum and minimum values. 
 







Maximum 40.09 28.50 38.90 15.46 
Source of Maximum 
waste fraction 
RCR DNC DNC RCR 
Minimum 11.20 11.21 15.40 0.00 
Source of Minimum 
waste fraction 
DNC RCR RCR DNC 
Average 25.65 19.85 27.15 7.73 
 
The highest fraction of organic and Textile waste fraction were collected at the RCR 
and the lowest at the DNC, however, its composition varies slightly during winter 
and summer. RCR has the highest composition of paper and plastic waste streams, 
also with a little variation in winter and summer. Table 2 presents the statistics of 
the input of Weather Parameters (WP). Weather parameters used as input variables 
are: Minimum temperature, maximum temperature, humidity, and wind speed in 





Table 2. Weather Parameter statistics 















Highest WP 20.3 38.3 83.0 7.50 
Season of Highest WP Summer Summer Winter Summer 
Lowest WP -2.9 10.1 56.0 0.00 
Season of Lowest WP Winter Winter Summer Winter and 
Summer 
Average WP 8.7 24.2 69.5 3.75 
 
 
3.2 ANFIS Model result 
Four different models (I-IV) were developed to forecast the percentage composition 
of Organics, Paper, Plastics and Textile, respectively using four inputs of weather 
parameters: minimum temperature, maximum temperature, humidity, and wind 
speed. M-file script was written in MATLAB 2015a and the algorithm was com-
puted on a system with configuration of 64 bits. 4GB ram Intel(R) core(TM) i3. 
Root Mean Square Error (RMSE), Mean Absolute Deviation (MAD), and Mean 
Absolute Percentage Error (MAPE) were computed using equations 3-5, respec-
tively, to evaluate the accuracy of the four models. Prediction accuracy for models 
I-IV were 83.2%, 86.6%, 85.5%, and 79.5% respectively.  








                      (4) 
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                     (6) 
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Where 𝑁𝑁 = numbers of samples,   𝑃𝑃𝑖𝑖 = Predicted values,    𝑂𝑂𝑖𝑖 = Observed values. 
 
Each of the models was trained with 70% of the data, and 30% was used for valida-
tion. The FCM clustering technique was employed with a sugeno-type Fuzzy Infer-
ence System in a total of 8 epochs.  Tables 3-6 present the performance parameters 
of the training and testing for models I-IV, respectively.  
 
Table 3. Model I performance parameters for training and testing 
 RMSE MAD MAPE 
Training 2.9484 2.1315 9.9462 
Testing 4.6189 3.3270 16.80 
 
Table 4. Model II performance parameters for training and testing 
 RMSE MAD MAPE 
Training 2.2990 1.7257 11.0307 
Testing 3.6727 2.5691 13.34 
 
Table 4.  Model III performance parameters for training and testing 
 RMSE MAD MAPE 
Training 2.0388 1.4634 6.9996 
Testing  5.2878 3.2928 13.52 
 
Table 5.  Model IV performance parameters for training and testing 
 RMSE MAD MAPE 
Training 1.7997 1.3287 3.2388 
Testing 5.4630 3.7691 20.56 
 
The ANFIS models I-IV was predicted with different degrees of accuracy using the 
same input variable. Table 7 compares the prediction performance parameters and 
computational times for the four models. 
 
Table 7. Prediction Performance and computational time for models I-IV 
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Models RMSE MAD MAPE Computational Time 
Organics (Model I) 4.6189 3.3270 16.80 4.05 
Paper (Model II) 3.6727 2.5691 13.34 3.80 
Plastics (Model III) 5.2878 3.2928 13.52 3.66 
Textile  (Model IV) 5.4630 3.7691 20.56 3.67 
 
The content of the organic waste stream in the waste mixture varies significantly in 
the DNC and RCR sources with the highest predicted and observed value of 43.2% 
and 40.1, respectively, from the RCR, and the lowest predicted and observed value 
of -0.8% and 11.7%, respectively, from the DNC. This explains the rise and fall in 
figure 4. There is a similar pattern of organic fraction at the highest points (RCR) 
and at the lowest points (DNC). There is no significant variation in the observed 
and predicted values of organic waste. The prediction of ANFIS model in forecast-
ing the composition of organic waste stream in winter and summer was 83.2% 
(MAPE=16.8%).  However, a deviation from the trend is observed at test sample 4, 
which could be due to the usual climatic minimum and maximum temperatures rec-
orded for the day. The sample index represents different days in summer and winter. 
 
Fig. 4.  Predicted and Observed test plots of Model I (Organic waste fraction) 
 
From figure 5, the rising and falling trend in the paper waste stream for both ob-
served and predicted values is due to the slight differences in the percentage com-
position of paper in the DNC and RCR sources. These values are relatively in closer 
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range than what was obtained for organics in Figure 3 with the highest values 
(28.5%) at DNC source and lowest at RCR (11.21%). Despite this rise and fall, a 
similar trend is observed between the predicted and the observed values except for 
samples 1, 2, 4, and 20. The reason, as earlier identified, was because of the usual 
climatic conditions experienced at these days. ANFIS predicted paper waste com-
position better than organic with accuracy of 86.66% and lower computational time. 
 
Fig 5. Predicted and Observed test plots of model II (Paper waste fraction) 
 
Generally, the rare and far-out climatic conditions recorded at test samples 1,2,4,19, 
and 20 have notable effect on the predicted values of all waste categories at these 
points. The outliners of weather data on these days are reflected on the predicted 
waste fraction. This same trend is observed for plastics in figure 6. The content of 
plastic waste is not the same at different sources. The DNC has the highest plastic 
content while the RCR has the lowest, justifying the rise and fall in figure 5. ANFIS 
prediction for plastic waste was off by 13.52% and has the least computational time.  
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Fig 6. Predicted and Observed test plots of model III (Plastic waste fraction) 
 
The values of textile waste are in a closer range than the other waste fractions as 
seen in figure 7. The weather parameter has more influence on textile waste. A 
higher percentage prediction of textile was observed at sample 20. This occurs in 
winter season and the lowest in summer. The model was off by     20.56% and the 
forecast has the highest root mean square error (5.4630) and mean absolute devia-
tion (3.7691). Prediction accuracy of Model IV is the least, which is due to irregular 
and unstable generation pattern of textile waste. 
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Slight differences are observed by comparing the waste physical compositions and 
seasonal variations. The same trend goes on in the case study used in this paper. 
The effect of the varying weather parameters during summer and winter on physical 
waste stream content has been predicted by ANFIS model I-IV representing organ-
ics, paper, plastics, and textile wastes respectively. The prediction accuracy of the 
models I-IV were 83.2%, 86.7%, 86.5%, and 79.4%, respectively. ANFIS model 
forecasted paper waste with the highest prediction accuracy, and textile was pre-
dicted with the least accuracy. The result showed that ANFIS was capable of pre-
dicting effect of varying weather and climatic conditions in different seasons on the 
physical composition of municipal solid waste. However, due to unavailability of 
waste characterization data in other seasons, only winter and summer weather pa-
rameters were used, therefore, a consideration of the effect of other seasons such as 
spring and autumn is hereby recommended for further researches. To better com-
pare the prediction performance, the use of hybrid clustering technique for the 
ANFIS model is recommended for further researches.   
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